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Abstract
Introduction: Problems with traditional latent class analysis approaches occur when a direct ef-
fect from the external variable to the indicators is present. An alternative approach, a two-step limited
information maximum likelihood (LIML) method is developed by (Bakk & Kuha, 2017), possibly
not having those problems anymore. Two residual statistics, the bivariate residual (BVR) and the
expected parameter change (EPC) are used in a simulation study to test both the power and α-levels
of the statistics to see whether they are able to pick out the direct effects. The LIML approach is com-
pared to the one-step full information (FIML) method. Method: A simulation study was conducted
where variations were made in (1) the number of direct effects, (2) the sample size, and (3) the sepa-
ration between classes. For every simulation, it was checked whether the right direct effect(s) where
picked out - if any, and whether the EPC or BVR where significant. Furthermore, a logistic regression
analysis was conducted to see what factors are important in determining the statistics’ performance.
Results: Results show a general increase in performance (power) of both BVR and EPC if sample
size and separation increase, even as some interaction effect resulting in differences between the two
methods, with FIML generally performing better as compared to LIML. α-levels where nowhere at
the nominal 5% level, resulting in either overfitting (EPC) or underfitting (BVR in FIML) effects. Dis-
cussion: The current research has brought possible problems with the LIML approach to the surface.
The methods used in this research and latent class research in general are not in this form applicable
for two-step estimation, meaning that alternative approaches have to be developed.
KEYWORDS: latent class analysis, limited information maximum likelihood, bivariate residual,
expected parameter change, measurement invariance.
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1 Introduction
Imagine that you would like to predict political party affiliation based on people’s response on
various statements (e.g., using the Stemwijzer in The Netherlands), or predict the type of diabetes
a patient has based on different blood measures. One could try to use a latent variable model to an-
swer these questions, as the interest is in an underlying construct rather than an observed variable.
A classic latent variable model will not work here, however, since our latent variable is categorical
instead of continuous. Therefore, a new set of techniques was developed for these type of research
questions, called latent class models or finite mixture models.
Latent class analysis (LCA) refers to a set of models used to classify subjects in different la-
tent classes based on their response on a set of categorical indicator variables. For this reason, it can
in a way be viewed as a categorical answer to factor analysis (McCutcheon, 1987). The LC model is
used in various fields. Examples include estimating the risk factors for complex disorders in human
genetic studies (Pickles et al., 1995), use classification of risk patterns to improve understanding of
opioid drug users (Monga et al., 2007) and identify subgroups in poker players to improve interven-
tion methods (Dufour, Brunelle, & Roy, 2013).
The classic LC model consists of both a measurement and a structural part. The measurement
part entails the relationship between the latent class variable and the set of indicators. The structural
part then relates this measurement model to external variables, either covariates, distal outcomes or
both. In terms of estimation of these models, there are two traditional options, the one-step and the
three-step method.
In the one-step approach (e.g., Hagenaars, 1993; McCutcheon, 1987; Vermunt, 2010), also
called the Full Information Maximum Likelihood (FIML) approach, the structural and measurement
part are both modeled at the same time in a single step. Although computationally efficient as no in-
formation is lost, this approach is rarely used in practice for a number of reasons. First of all, since
the measurement and structural models can be seen as two separate aspects of the LC model, intu-
itively, it would make more sense to model these two parts separately Furthermore, a disadvantage
of FIML is that small changes in the structural model lead to the forced re-estimation of both mea-
surement and structural model, and possible changes in definition and estimation, and thus changes
in interpretation of the measurement part and the latent classes (Bakk & Kuha, 2017).
In the three-step approach (Vermunt, 2010; Asparouhov & Muthe´n, 2014) on the other hand,
the two parts are modeled separately. In a first step, the measurement part is estimated. Then, in the
subsequent second step, the subjects are classified based on their estimated posterior class probabil-
ities, obtained from step one. In the third step, this classification variable is related to external vari-
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ables. Although this three-step approach may seem more appealing on a conceptual level because
of the stepwise procedure, there are some possible problems related to this method. In the second
step, the subjects are assigned to one of the classes with a probability of 1.0. However, in most of
the cases, the posterior probability of belonging to a certain class is smaller than one, resulting in
a classification error. Although there are several methods developed to correct for this classifica-
tion error (Bolck, Croon, & Hagenaars, 2004; Asparouhov & Muthe´n, 2014; Bakk, Tekle, & Ver-
munt, 2013; Vermunt, 2010), it is known that in most cases, the classification step is but a starting
point from which the actual analysis of interest can be conducted, i.e., relating the latent classes to
external variables. Using these correction methods then seems a little overcomplicated if the clas-
sification is not actually used for interpretation. For this reason, among others, a more recent alter-
native approach is developed by Bakk and Kuha (2017), called the two-step LC model. This ap-
proach differs from its three-step alternative in the sense that there is no step related to classification,
while still a stepwise logic is followed for computational and conceptual convenience. The authors
show that this two-step LC model, also called a Limited Information Maximum Likelihood (LIML)
model, is more efficient than three-step models, and almost as efficient as FIML, if the assumptions
hold (Bakk & Kuha, 2017). The reason for this is the following: when using stepwise procedures,
information is lost over the different steps, due to various reasons. In three-step models it is due to
the use of the classification variable rather than the actual indicators in the third step, while in LIML
the first-step parameters are fixed when estimating the second step (as will be explained later). This
causes a loss of information and thus a loss of efficiency in estimation.
One of the key assumptions of latent class models is local independence, meaning that the
relationship between the indicators is accounted for by the latent variable (McCutcheon, 1987; Ha-
genaars & McCutcheon, 2002); Stated otherwise, the indicator variables are assumed to be indepen-
dent given the latent class membership. This same assumption is also applied for the indicators and
the variables in the structural model. When this assumption is violated, the results of the LC model
can be severely biased (Asparouhov & Muthe´n, 2014). For example, when a cross-cultural study
is conducted, it might be the case that the questions (indicators) are interpreted differently across
cultures (the external variable). This would indicate a direct causal relationship between the exter-
nal variable and the indicators, referred to as differential item functioning (DIF; see for example
Osterlind & Everson, 2009) in IRT literature, or, alternatively, measurement non-invariance. For a
formal description and definition, see Masyn (2017). When this is the case, for example the three-
step model is known to produce biased estimators (Asparouhov & Muthe´n, 2014), since the coeffi-
cient value belonging to the direct effect is enclosed in the relationship between the latent class and
the external variable, making this relationship overestimated. This states the importance of knowing
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whether there are direct effects present in the model, and directly shows one of the disadvantages of
the three-step model. In the third step, the external variables are related to the classification variable,
which is assumed to hold all the information from the indicators. However, the original information
coming from these indicators is lost, making it unable for this model to conduct a posterior check
for direct effects.
Therefore, if a check for measurement invariance is to be conducted, three-step models cannot
be used. It makes sense then to use FIML, as no information is lost in the modeling process. How-
ever, as opposed to bias-adjusted three-step models, FIML is rarely used in practice, because of the
computational feasibility and instability if the model changes (Bakk & Kuha, 2017). For the newly
developed LIML models, as well as the FIML models, it is therefore still unknown how these mod-
els perform with respect to measurement invariance in latent class analysis.
In terms of model modification based on measurement non-invariance, it is even argued by
Kuha and Moustaki (2015) that in general multi-group latent variable models, in some situations,
ignoring this nonequivalence is a better approach than modeling it. However, the authors did not
investigate LC models in the concerned article. The current project will follow a similar strategy,
namely checking the models’ performance when the direct effects (i.e., measurement non-invariance)
are not modeled.
Testing for measurement invariance is common practice in general SEM, and in multi-group
latent variable models in particular, since measurement invariance is about the interpretation of
the measurement in different groups. The article by Kim, Cao, Wang, and Nguyen (2017) gives an
overview of different techniques that are used in latent variable literature. The article mainly focused
on the actual testing of DIF with posterior model fitting, which is only one of the possibilities. An-
other possibility in latent variable modeling is the use of global and local fit statistics to check for
DIF. For a brief overview, see Van der Schoot, Ligtig, and Hox (2012).
A third possibility is checking statistics that use the residuals of the fitted model to see whether
any significant association is left unmodeled. Although less frequently used in general SEMs, resid-
ual association checks are more common in LC literature (e.g., Oberski, Vermunt, & Moors, 2015;
Oberski, van Kollenburg, & Vermunt, 2013; Nagelkerke, Oberski, & Vermunt, 2017).
One of the statistics that can be used is the bivariate residual (BVR; Vermunt & Magidson,
2005), indicating the amount of residual association left between two variables after the model is
fitted. BVR-statistics between indicators and covariates can tell us something about possible direct
effects in the model. Another example is the use of a score statistic, for instance the expected param-
eter change (EPC; Oberski & Vermunt, 2014). The score-based EPC indicates the amount by which
a parameter would change if it would be freed rather than fixed.
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This EPC statistics is commonly used in for example econometrics, where it is called a La-
grange multiplier (e.g., Breusch & Pagan, 1980). In the field of structural equation modeling, this
statistic is related to the Modification Index (MI) used in that field. For a description of MI and dif-
ferences as compared to EPC), see Whittaker (2012).
Although residual statistics are used to investigate measurement invariance in FIML by Oberski
et al. (2013), the performance of these statistics is not yet tested in the newly developed two-step LC
model, which will be one of the main goals of the current article.
The current project will focus on the detection of DIF (i.e., the detection of direct effects) in
two-step and one-step LC models by using BVR and EPC residual statistics. The study can then be
divided in two slightly different parts. First of all, we will investigate the residual statistics’ type I
error probability by examining its ability to detect the absence of direct effects when in fact there are
none present (RQ1). The second part will focus on the statistics’ power, meaning its ability to find
the correct direct effects when there are one or more present in the model (RQ2).
Based on previous literature, some expectations can be formulated. First of all, since both
BVR and EPC are large-sample statistics (Oberski et al., 2013), it can be expected that the statis-
tics perform better in larger compared to smaller simulated samples. Since the one-step approach
is a full information method, as compared to the limited-information two-step model, the one-step
can be expected to give better statistics’ performance, due to statistical efficiency. Lastly, the BVR
is treated as following a chi-squared distribution with one degree of freedom, although in fact it is
known that this is not true (e.g., Oberski et al., 2013). Therefore, the EPC might perform better com-
pared to the BVR.
The remainder of this thesis is structured as followed. First of all, the two-step model as de-
veloped by Bakk and Kuha (2017) is described, together with a definition and description of the
used residual statistics. Next, the simulation setup and its results are discussed. The article con-
cludes with a (general) conclusion with implications for current and future research.
2 The Two-Step Latent Class Model
2.1 Step 1: The Measurement Model
The first step of the analysis consists of a simple latent class model to define the measurement
part of the model. Suppose we have K categorical indicators. Let yik be the response of person i on
indicator k, with k ∈ {1, ..., K}, and let Yi denote the full response pattern of person i. Then define
a latent variable X consisting of T different classes, such that t ∈ {1, ..., T}. A latent class model to
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define P (Yi) can be defined as (e.g., McCutcheon, 1987):
P (Yi) =
T∑
t=1
P (X = t)P (Yi|X = t). (1)
Typically, given class membership, categorical responses are assumed to be independent. That
is, the probability of a response pattern given class membership can be defined as the product of the
item-specific response probabilities, or,
P (Yi|X = t) =
K∏
k=1
P (Yik|X = t) =
K∏
k=1
Rk∏
r=1
pi
I(Yik=r)
ktr , (2)
where piktr = P (Yik = r|X = t) and I(Yik = r) is an indicator variable that equals 1 if the response
on indicator k for subject i equals r, and 0 else. Then, if we denote ξt = P (X = t), the T class
probabilities and the (K − 1)KT item-specific response probabilities {piktr} can be combined in a
parameter vector θ1 = [ξ,pi]. Substituting Equation (2) in Equation (1) and assuming independence
of observations, this parameter vector can be estimated by maximizing the first-step log-likelihood
function L1, defined as (e.g., Vermunt, 2010)
L1(θ1) =
N∑
i=1
logP (Yi) =
N∑
i=1
log
[
T∑
t=1
ξt
K∏
k=1
Rk∏
r=1
pi
I(Yik=r)
ktr
]
. (3)
The sample estimate of this vector, θˆ1, can be retrieved using expectation-maximization, a
quasi-Newton method or a combination of the two.
2.2 Step 2: The Structural Model
The second step of the analysis consists of two parts. First, in Step 2a, the structural model is
estimated by relating the measurement model to covariates. This is done by fixing the measurement
parameters to the ones estimated in the first step, θˆ1. Residual statistics then indicate whether extra
paths should be added to the model. This is then done in Step 2b.
2.2.1 Step 2a: Relating the model to covariates
Let Zi be the covariate vector for person i, and Zi its value on covariate Z. Then, the second
step can be written as (Bakk & Kuha, 2017)
P (Yi|Xi = t, Z = zi) = P (X = t|Z = zi)︸ ︷︷ ︸
free
P (Y = yi|X = t)︸ ︷︷ ︸
fixed
. (4)
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The second term, the measurement part, is fixed to the estimates found in step 1. The first
term, the structural part, can be parametrized using a multinomial logit model as follows (Bakk &
Kuha, 2017):
P (X = t|Zi) = exp(β0t + βtZi)∑
t exp(β0t + βtZi)
. (5)
Then, using this parametrization the Step 2a model can be estimated using a log-likelihood
function L2 for the second parameter vector θ2:
L2(θ2|θ1 = θˆ1) =
N∑
n=1
log
T∑
t=1
P (X = t|Zi)P (Y = yi|X = t). (6)
As opposed to the two-step way of estimating measurement and structural model, the FIML
method estimates both parts of this model at the same time.
2.2.2 Step 2b: Evaluating residual statistics to find possible direct effects
As stated above, the last step of the model consists of investigating the residual statistics in
order to see whether direct Z − Y paths should be added. It is however possible - if not of explicit
interest - to omit this last step and stop the model building process at Step 2a.
The current study will make use of the bivariate residual (BVR) and the expected parame-
ter change (EPC), both of which will be discussed below. The BVR (Vermunt & Magidson, 2005,
pp. 72-3) for a pair of observed variables can be defined as the Pearson residual in the bivariate
cross-table (Oberski et al., 2013, p. 2). For two given variables yi and yj , both having values 0 or
1, it is defined as:
BV Rij =
∑
k∈{0,1}
∑
l∈{0,1}
(nkl − µˆkl)2
µˆkl
∀i 6=j, (7)
where nkl and µˆkl equal the observed and expected frequencies in the 2× 2 cross-table, respectively.
As a value for the BVR for every pair of variables is given as output in basic software such as La-
tent GOLD (Vermunt & Magidson, 2005), this is an elegant way of locally examining whether paths
should be added.
The EPC (Oberski & Vermunt, 2014; Oberski et al., 2013), based on the ”classical score-test”
by Rao (1948), is a well-known residual statistic in the context of item response theory (Glas, 1999)
and structural equation modeling (e.g., Saris, Satorra, & So¨rbom, 1987; Oberski, 2014). Recently
it was described by Oberski et al. (2013) to use in binary LC models as well. The EPC is a score
statistic, meaning that it estimates the strength of a given effect, should it be freed in an alternative
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model. For two given variables yi and yj it is defined as (Oberski et al., 2013):
EPCij =
s2ij
var(sij)
∀i 6=j, (8)
with sij =
∂L(θ)
∂ψij
as a value for the ’score’ in a local dependence test. In this last definition, ψij is
an element of ψ, the two-way interaction matrix between yi and yj . See Oberski et al. (2013) for a
detailed definition and a discussion of the relationship between the BVR and the EPC.
Although this is not done in the current study, the paths as indicated by the BVR and EPC can
be added to the model, and the new model can be evaluated to see whether the fit improved. This is
done by freeing the concerned paths, with a model similar to Equation (4):
P (Yi|Xi = t, Z = Zt) = P (X = t|Z = zi)P (Y = yi|X = t, Zi). (9)
The variables that indicated a direct effect are freely estimated in the last term, whereas the
ones that did not are kept at the values from Step 1.
3 Simulation Study
In order to investigate the performance of the EPC and BVR in detecting direct effects, a
Monte Carlo simulation is designed and conducted. The statistics are tested in two different mod-
els: the full-information maximum likelihood (FIML) one-step model, and the limited-information
maximum likelihood (LIML) two-step model.
The model that is simulated from consists of a three-class latent class variable X , six different
observed binary indicators Y = (Y1...Y6) and one observed covariate Z1, values ranging from 1
to 5. Figure 1 graphically shows how this model looks. The classes are modeled in such way that
the first class is likely to have a positive response on all six indicators, the second class is likely to
respond positive on the first three variables and negative on the last three, while class three has a
high probability of responding negative to all six indicators. This approach is in line with the set-up
used by for example Bakk et al. (2013) and Vermunt (2010).
Variations will be made in a number of parameters, while others will be kept constant due
to computational considerations. First of all, the probability of giving a positive response is varied
(S ∈ {.70, .80, .90}). These values correspond to an entropy based pseudo-R2 value of .36, .65 and
.90 and a low, middle and high separation between classes, respectively. This variation has an effect
on the quality of the classification in three-step approaches, as shown by Vermunt (2010). Although
three-step models are not discussed here, we expect a similar pattern in two-step analyses. In the
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Figure 1. A graphical representation of the LC model that is simulated from, where Y1...Y6 represent
the observed binary indicators, X the latent class variable, and Z1 the observed categorical covari-
ate. The dashed lines represent the direct paths that will be added to the population model according
to the condition.
conditions with the lowest entropy values, we expect the stepwise procedures to be biased, since in-
formation from the covariate is needed in order to estimate the latent class variable correctly. When
the entropy (i.e., separation) increases, the measurement model becomes powerful enough on its
own. Second of all, the sample size is varied (N ∈ {500, 1000, 2000, 4000}), since it is shown by
Oberski et al. (2013) that both BVR and EPC are large-sample statistics. Therefore it is interesting
to see how they perform in relatively small sample sizes as well. Lastly, the number of direct effects
is varied (D ∈ {0, 1, 2, 3}). The reason for this is that Asparouhov and Muthe´n (2014) showed an
increase of bias in FIML models when the number of - unmodeled - direct effects increased. For
this reason we would like to know how the statistics perform under more difficult (i.e., more biased)
conditions. In our simulations, the direct effects are modeled on Y1 for D = 1, Y1 and Y2 for D = 2,
and Y1, Y2 and Y5 for D = 3.
The population values that will be used in this simulation to asses the Z − X association will
be α1 = 4.73 and α2 = -3.699, β1 = -2.0 and β2 = 1.0. The direct effect will be class-specific, with
a medium effect of ζ1 = -0.5, ζ2 = 0 and ζ3 = 0, with the index referring to the class, added to the
indicators as mentioned above.
Now, the first split in research questions can be made, i.e., conditions where D = 0 and condi-
tions where D 6= 0. In the first set of conditions, the focus of interest is in the residual statistics’ type
I error probability, meaning the probability of them finding direct effects when in fact there are none
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(RQ1). In the second set, the focus is on the statistics’ power 1, i.e., their ability to pick out direct
effects. RQ2 will be the focus of this part of the study. Both RQ1 and RQ2 will be answered using
both FIML and LIML Step 1 and Step 2a.
In all of the simulation conditions, we test whether the right direct effects are identified by in-
vestigating the BVR and EPC vectors for the Z1 − Y associations - thus both containing six values
per simulation - and see whether the largest one, two or three (depending on the condition) values
are indeed on the associations we put the direct effect on. For all of the simulations where the direct
effects are correctly classified, we will subsequently check whether the values are indeed signifi-
cant, by comparing EPC and BVR to a χ2-distribution with df = 3 and df = 1, respectively. Together
with that, the mean bias (mean deviation from the population values) and root mean squared error
(RMSE) will be reported for every condition. A similar procedure will be used to answer RQ1.
In order to perform the simulation study, we used the computer software Latent GOLD ver-
sion 5.1.0.17046 (Vermunt & Magidson, 2005), and RStudio version 0.99.903 (R Core Team, 2015).
The simulation consists of 4 (D) × 3 (S) × 4 (N ) = 48 conditions, for all of which 500 replications
were used.
4 Results
4.1 Preliminaries
Before we proceed to the actual answers to the research questions, a few small remarks about
the results have to be made. First of all, a quick note about the simulations. There were several
cases, especially in the low sample size and low separation conditions, in which no final solution
was found (i.e., no convergence after maximum number of iterations), referred to as boundary so-
lutions. This resulted in either an error message in Latent GOLD, not giving all six Z1 − Y values
for EPC, or extremely large standard errors (i.e., larger than 3.0). These simulations were excluded
from further analyses, since boundary issues - though very interesting on their own - are not within
the scope of this project. Table 1 gives an overview of how many replications were excluded. These
numbers are not surprisingly high, and in accordance with for example Bakk et al. (2013).
Second of all, we looked at the mean bias and the root mean squared error (RMSE) of the two
Z−X slope parameters modeled as β1 = -2.0 and β2 = 1.0. The mean bias and RMSE are defined as
1With power we mean the actual probability of rejecting H0 if it is false, with H0 being no direct effects in the
model, and H1 being 1, 2 or 3 direct effects present, depending on the level of D. Although this is not considered power
in terms of being a formal statistical test, it will still be referred to as ’power’ for convenience.
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Table 1
Number of Excluded Simulations Due to
Non-Convergence Per Level of N , S and D,
Summed Over FIML and LIML.
Condition D
N S 0 1 2 3
500 Low 107 74 85 220
Mid 2 1 1 11
High 1 0 1 0
1000 Low 29 7 7 47
Mid 0 0 1 0
High 0 0 0 0
2000 Low 2 0 0 1
Mid 0 0 0 0
High 0 0 0 0
4000 Low 0 0 0 0
Mid 0 0 0 0
High 0 1 0 1
MBias =
1
J
∑
j∈{1...J}
(βij − βˆij), RMSE =
√
1
J
∑
j∈{1...J}
(βij − βˆij)2
for the J simulations in every condition. Table 2 gives an overview of these bias values, aver-
aged over the two parameters.
If we look at the misspecified models in Table 2 (i.e., models where D 6= 0), it can be seen
that there is quite a large amount of bias, especially in the worst conditions. Bias tends to decrease
with sample size and separation, leading to smaller amounts (and thus less modeling issues) in the
best conditions. No clear difference is visible between FIML and LIML. These values clearly indi-
cate that something can be modeled differently (i.e., that there is room for improvement), justifying
and explaining the modeling of direct effects.
4.2 Research question 1 (type I error probability)
First of all, the results of the simulation conditions where D = 0 will be discussed. Table 3
shows the proportion of simulations where any of the six BVR or EPC values for the Y − Z1 paths
were significant, i.e., significant under a χ2-distribution with df = 3 or df = 1 for EPC and BVR,
respectively. This table helps us in investigating the type I error probability of the residual statistics
under certain conditions.
A couple of trends become visible from this table. First of all, for LIML there is a monotoni-
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Table 3
Proportion of simulations in which any of the
direct paths where significant according to BVR
and EPC, for D = 0, for all levels of N and S
Condition FIML LIML
N S EPC BVR EPC BVR
500 Low .51 .00 .30 .87
Mid .42 .00 .26 .31
High .36 .00 .02 .01
1000 Low .43 .00 .57 .90
Mid .32 .00 .18 .25
High .30 .00 .01 .01
2000 Low .37 .00 .79 .85
Mid .28 .00 .10 .24
High .29 .00 .00 .01
4000 Low .28 .00 .75 .80
Mid .28 .00 .10 .24
High .26 .00 .00 .01
cally decreasing type I error probability if the separation increases. For EPC in FIML, a similar yet
somewhat less pronounced trend can be found. The sample size N , however, has the opposite effect.
Whereas a decreasing trend can be found for BVR in FIML in all the separation conditions, sample
size seems to be less important in explaining the statistics’ performance in LIML.
In BVR for FIML, a slightly underfitting effect is visible, as almost no (i.e., rounded down to
.00) significant simulations were found in any of the conditions, as opposed to the nominal level of
5% that would be expected.
4.3 Research question 2 (power)
The second part of the current research focuses on situations where D 6= 0, i.e., where there
were direct paths present in the population model. We check the residual statistics in their perfor-
mance of picking out these direct effects. This part of the research question thus focuses on their
power.
Figure 2 shows the results of these simulation conditions. The power is plotted against the
sample size, separately for all levels of D (except for D = 0) and S. These values can also be found
in Table A1, together with the significance levels for all of these values.
Figure 2 graphically shows us different aspects that are present in the current simulation re-
sults. First of all, we see that in almost all of the conditions, FIML is performing better than LIML.
This effect is more visible in the lower separation conditions as compared to the high separation
12
Figure 2. The power plotted as a function of the sample size, in a separate panel for every separation
level (horizontally) and number of direct effects (vertically). The different lines represent the results
for BVR and EPC, both for FIML (1) and LIML (2).
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condition.
Second of all, performance seems to increase, for both FIML and LIML, as sample size and
separation are increasing. Whereas FIML and LIML are somewhat diverging in the low separation
condition - with FIML increasing more as opposed to LIML - the two methods show a more con-
verging trend in performance over sample size as separation increases. The best conditions are those
with high separation and high sample size.
The number of direct effects is shown to have a decreasing effect on power levels. Though
less pronounced than separation and sample size effects, performance seems to decrease if D in-
creases. This especially becomes clear in worse conditions. This downward trend is somewhat more
visible for LIML as compared to FIML.
To see in a more inferential way what the important factors are for BVR and EPC perfor-
mance, two binary logistic regression analyses were conducted. The number of direct effects D =
{1, 2, 3}, separation levels S = {0.7, 0.8, 0.9}, method M = {FIML = 0, LIML = 1} and sample size
N = {500, 1000, 2000, 4000} were used as predictors in the regression of the correct identified di-
rect effects Y = {yes = 1, no = 0}, where correctly identified means that all of the one, two or three
direct effect were identified. Significance levels were not included in these analyses. A separate re-
gression analysis was conducted for BVR and EPC, with all main effects and interactions added at
the same time.
In this analysis, sample size, separation and number of direct effects were treated as continu-
ous variables, while in fact they are ordinal. This is done because treating them as categorical would
make interpretation much less convenient due to the large number of levels. Furthermore, a more or
less linear trend over the levels of these variables is expected due to the choice of these levels.
A total of 35,084 simulations were included in the logistic regression. Table 4 shows the pa-
rameter estimates Bˆ, standard errors and odds ratios exp(Bˆ) for all direct effects and all two- and
three-way interactions.
The model of interest, containing all effects, had a significantly better fit as compared to the
constant-only model, for both BVR (χ2(15) = 16,059.63, p < .001) and EPC (χ2(15) = 16,245.15,
p < .001), with Hosmer and Lemeshow’s pseudo R2 values of .37 (BVR) and .36 (EPC).
Due to the large number of interactions involved in these analyses, interpretation of single,
specific effects becomes increasingly difficult. In terms of main effects, for BVR a significant in-
crease in odds of finding the correct direct effects is found when the number of direct effects be-
comes smaller, and separation becomes larger - keeping everything else constant. The same holds
for EPC, with an additional significant main effect of sample size. Both BVR and EPC also show a
significant increase in odds if the method changes from FIML to LIML.
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Table 4
Parameter Estimates, Standard Errors and Significance Levels of
the Logistic Regression Analysis.
BVR EPC
Effect Bˆ (SE) exp(Bˆ) Bˆ (SE) exp(Bˆ)
Constant -2.13 (0.40)† 0.12 -2.05 (0.38)† 0.13
D -0.60 (0.18)† 0.55 -0.42 (0.17)* 0.66
M 2.94 (0.51)† 18.83 1.84 (0.50)† 6.27
N 0.18 (0.20) 1.20 1.00 (0.20)† 2.73
S 0.91 (0.25)† 2.49 0.46 (0.21)* 1.59
D*M -0.91 (0.25)† 0.40 -0.43 (0.25) 0.65
D*N 0.02 (0.08) 1.02 -0.28 (0.08)† 0.76
D*S 0.02 (0.10) 1.02 -0.02 (0.09) 0.98
M*S -1.07 (0.30)† 0.34 -0.57 (0.26)* 0.57
M*N -0.55 (0.24)* 0.58 -1.00 (0.23)† 0.37
N*S 0.87 (0.16)† 2.39 0.57 (0.14)† 1.78
D*M*N -0.03 (0.11) 0.98 0.17 (0.10) 1.18
D*M*S 0.27 (0.13)* 1.30 0.05 (0.12) 1.06
D*N*S -0.10 (0.06) 0.91 0.04 (0.06) 1.04
M*N*S -0.31 (0.18) 0.74 0.06 (0.16) 1.06
Note. ∗p < .05; p <.01; †p <.001.
As for BVR, the effect that D has on the odds of identifying the correct effects, differs be-
tween the two methods, with this trend being less pronounced in LIML. The same holds for both
sample size (though no significant main effect) and separation. Almost similar results are found for
EPC, as can be seen from the significant two-way interactions in Table 4.
Table A1 shows us the significance levels for the correctly identified simulations in the dif-
ferent conditions. Few clear trends can be found in these results. Significance levels overall seem to
increase with sample size and separation (although some exceptions are found), as well as with the
number of effects. In the D = 3 condition, only few simulations were still significant (especially in
the worse conditions). No formal test has been conducted for significance levels.
5 Discussion
5.1 Discussion of the results
The current research focused on two different aspects of the same process, namely the perfor-
mance of residual statistics in identifying direct effects in the newly developed two-step latent class
models. To this end, the performance was compared to a more classical one-step approach. Two dif-
ferent parts of the performance were investigated, i.e., the power and the type I error probability.
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Both of these aspects will be discussed below.
With regard to the α-level, usually a nominal level of .05 or 5% is chosen, meaning that in 5%
of the cases the null hypothesis is allowed to be rejected while true. With the null hypothesis in the
current research being that there are no direct effects present, a type I error is made if any of those
paths are significant. We also expect that to be the case in 5% of the cases.
If we look at the results that were found, we see that those nominal values are nowhere re-
ally found. In FIML, the EPC error rates tend to be too high even in the best conditions, whereas the
BVR values tend to be too low. This latter trend could be caused by the fact that the χ2(1) distribu-
tion we use for significance of BVR is not entirely true, as the asymptotic distribution of the BVR is
unknown (Oberski et al., 2013). The increased α-levels in almost all other conditions will increase
the false positive rate of the model, and can therefore lead to overfitting effects.
To the best of our knowledge, only the article by Oberski et al. (2013) investigated type I er-
ror in LC models, though in a slightly different way. In a less complex model with categorical distal
outcomes, a single residual association between two indicators was modeled and/or investigated,
where a type I error was made if that specific association was significant though not modeled. In the
current research, all Y − Z1 paths were investigated. Although there are some differences between
the two studies, somewhat similar results were found, meaning an underfitting effect of BVR. EPC
error rates were at nominal levels in the article by Oberski et al. (2013), while here they are some-
what higher. One of the possible explanations for these differences could be the increased difficulty
of the current models.
The second part of our simulation studies focused on the power of the statistics, meaning the
probability to reject the null hypothesis when it is untrue. With the null hypotheses being the ab-
sence of either one, two or three effects (depending on the level of D we are in), the power indicates
the proportion of simulations in which the (correct) direct effects were identified. Normally, power
levels of .80 are desired.
The results of these simulations first indicate that there is a general difference between FIML
and LIML, being the core of our second research question. The effect that FIML generally performs
better than LIML, might be explained by the structure of those two models. In FIML, the complete
model is estimated at the same time, meaning that in estimating the structural part all information of
the measurement model can still be used (though both processes happening simultaneously), possi-
bly leading to more stable results. In LIML, however, the parameters in the measurement model are
fixed when estimating the structural part, leading to a loss of information.
Results of the logistic regression analysis show a significant increase in odds when changing
from FIML to LIML, which is in contrast with our expectations and the results of the simulations. A
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possible explanation for this could be the large number of significant interation effects this variable
has. An analysis containing only the four main effects shows a significant negative effect of method.
Furthermore, next to a general effect of methods, there are also some significant interactions
with the used methods, namely those of sample size and separation. The difference between FIML
and LIML seems to become larger if samples and separation increase. A higher separation between
indicators means that more information can be taken out of the measurement model. The previous
reasoning thus can also be used to explain this significant interaction. We know that a larger value
means more information can be gathered from the measurement model. In datasets with lower sep-
aration levels, information from the covariate is needed in order to correctly estimate the model,
since the measurement model on its own is not enough. In such weaker models, the covariate is
the strongest indicator in the model. Leaving it out in estimating the measurement part, will lead
to a lower entropy value and thus to less stable results in stepwise procedures like LIML (Vermunt,
2010).
A significant interaction of method and sample size was also found. As compared to separa-
tion levels, sample size is another way of influencing the strength of the measurement model. As
mentioned before, the small sample and low separation conditions are a bigger problem for stepwise
procedures as compared to full information procedures, since measurement information is needed
for a stable model estimation.
Overall, the results of the logistic regression analysis largely correspond with the findings of
the simulation results in Table 3, Table A1 and Figure 2. There is a visible increase in performance
when separation and sample size increase (though not always significant), and this increase differs
between methods. There also seems to be a small yet significant decrease in performance when the
number of direct effects increases, possibly caused by the definition of a correctly identified simula-
tion and the increase in model complexity.
The last part of the study focused on the significance levels. A simulation was called signifi-
cant if all of the modeled Z1 − Y paths were. This is a possibly cause for the decreased levels if D
increases. Increased model complexity as well as pure chance levels can be underlying this trend.
Furthermore, although somewhat less pronounced, there are situations visible where the correct ef-
fect are found, and yet the statistics’ values are not significant. This could potentially lead to prob-
lems if significance is not investigated.
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5.2 Implications of current research
In the current research, we have tried to contribute to the testing of the newly developed mod-
els by Bakk and Kuha (2017). We checked the power and type I error probabilities of BVR and EPC
in FIML and LIML models. Some conclusions might be drawn from the results. First of all, there
are some situations, especially when separation and thus entropy levels or sample sizes are low,
where stepwise models (or maybe even LCA in general) might not be the best idea, since this might
lead to problems in estimating the models and/or significance of the estimations. Furthermore, it is
shown by the current research that the investigated situations - both the worst and better conditions
- sometimes lead to unexpected results. EPC and BVR, in the form they are used in at the moment,
are not always the best idea when using LIML models. This implicates that further research should
look at alternatives for these statistics, to investigate in what conditions the model does work.
5.3 Suggestions for further research
Further research should focus on a few aspects. Since larger samples yield better results, it
may be interesting to search for the point (i.e., sample size) where performance switches from worse
to better. Furthermore, the current research uses a continuous covariate, whereas real-life research
often works with categorical covariates (e.g., what is the effect of gender (male/female) on the state-
ments of the Stemwijzer?). This may influence the performance due to the computational differences
in building the model.
Another option may be to look beyond the residual statistics. If the problem of the current
models is in the standard errors, residual statistics may not be such a good way to go. Other options
are for example the likelihood-ratio test, which can compare the likelihood ratio value of two mod-
els (i.e., with and without a certain effect), or, the Wald test, testing whether a certain effect is zero
or not (Agresti, 2002).
Concluding all the aforementioned remarks and results, it is safe to say that the current project
is a good start of research in the development and improvement of newly developed LC models.
Further research, building on this project or taking a completely different point of view, should try to
reach further understanding of what is going on, and try to improve the models as good as possible.
For now, we can say that the used methods are possibly not the optimal techniques for the current
dataset, that stepwise LC models may not even be suitable in very bad conditions, and that we are
very curious to see how this will develop.
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Appendix A. Supplementary Tables
A1. Power and Significance for D 6= 0
A2. Mean and SD values for included simulations
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Table A2
Mean and standard deviation values for all included simulations, for all levels of N , S and D, for
both FIML and LIML.
D = 0 D = 1
Condition FIML LIML FIML LIML
N S BVR EPC BVR EPC BVR EPC BVR EPC
500 Low 0.12 (0.20) 6.51 (53.21) 2.90 (4.15) 3.33 (27.16) 0.67 (0.50) 55.14 (197.08) 17.95 (9.98) 14.63 (57.03)
Mid 0.15 (0.23) 3.36 (11.16) 0.96 (1.64) 2.95 (34.53) 1.50 (1.00) 14.43 (9.07) 5.93 (4.42) 7.87 (22.72)
High 0.15 (0.24) 2.97 (3.97) 0.31 (0.51) 0.64 (2.10) 2.88 (1.72) 15.23 (22.44) 3.84 (2.51) 2.03 (0.86)
1000 Low 0.11 (0.17) 3.59 (17.28) 3.47 (5.34) 7.60 (83.62) 0.69 (0.44) 92.23 (866.26) 21.93 (16.86) 33.76 (145.36)
Mid 0.14 (0.22) 2.76 (3.23) 0.85 (1.44) 2.59 (31.59) 2.47 (1.42) 20.21 (9.41) 6.87 (4.53) 5.44 (3.55)
High 0.15 (0.23) 2.69 (2.93) 0.29 (0.48) 0.60 (0.76) 4.68 (2.39) 20.51 (8.31) 5.62 (3.19) 2.69 (1.17)
2000 Low 0.10 (0.16) 2.87 (3.99) 3.23 (5.21) 23.41 (493.49) 0.92 (0.58) 63.54 (618.98) 17.68 (15.01) 23.28 (39.77)
Mid 0.14 (0.23) 2.64 (2.70) 0.80 (1.32) 1.61 (2.12) 4.19 (1.93) 33.99 (12.54) 9.78 (5.89) 7.37 (3.47)
High 0.15 (0.24) 2.59 (2.69) 0.29 (0.49) 0.57 (0.62) 8.93 (3.31) 36.92 (11.15) 9.98 (4.57) 4.20 (1.39)
4000 Low 0.10 (0.15) 2.63 (2.82) 2.68 (4.36) 7.75 (67.08) 1.45 (0.78) 42.41 (25.68) 18.54 (12.99) 21.18 (18.66)
Mid 0.15 (0.23) 2.68 (2.58) 0.82 (1.33) 1.61 (1.98) 8.51 (3.05) 66.87 (18.50) 16.56 (9.29) 11.45 (4.31)
High 0.14 (0.24) 2.54 (2.52) 0.28 (0.49) 0.55 (0.60) 17.69 (5.04) 71.33 (15.72) 19.35 (6.72) 7.63 (1.89)
D = 2 D = 3
Condition FIML LIML FIML LIML
N S BVR EPC BVR EPC BVR EPC BVR EPC
500 Low 0.33 (0.33) 27.71 (110.66) 7.01 (6.23) 9.37 (25.11) 0.36 (0.35) 25.46 (114.85) 6.59 (5.87) 9.00 (22.77)
Mid 1.05 (0.87) 13.32 (18.47) 3.70 (3.35) 3.37 (2.88) 1.05 (0.88) 13.11 (18.02) 3.71 (3.32) 3.36 (2.90)
High 2.20 (1.65) 12.34 (7.09) 2.87 (2.23) 1.71 (0.88) 2.20 (1.65) 12.34 (7.09) 2.87 (2.23) 1.71 (0.88)
1000 Low 0.49 (0.42) 57.65 (553.92) 9.92 (9.42) 28.82 (104.72) 0.49 (0.42) 58.90 (561.67) 9.81 (9.43) 30.18 (108.90)
Mid 1.57 (1.07) 16.60 (9.05) 4.72 (3.58) 4.42 (4.41) 1.57 (1.07) 16.60 (9.05) 4.72 (3.58) 4.42 (4.41)
High 3.91 (2.21) 19.16 (8.09) 4.81 (2.92) 2.32 (1.08) 3.91 (2.21) 19.16 (8.09) 4.81 (2.92) 2.32 (1.08)
2000 Low 0.74 (0.49) 29.17 (179.88) 8.97 (10.46) 8.62 (9.29) 0.74 (0.49) 29.17 (179.88) 8.97 (10.46) 8.62 (9.29)
Mid 2.60 (1.42) 26.75 (11.42) 6.39 (4.35) 4.79 (2.42) 2.60 (1.42) 26.75 (11.42) 6.39 (4.35) 4.79 (2.42)
High 7.32 (3.12) 34.25 (11.02) 8.55 (4.16) 3.67 (1.38) 7.32 (3.12) 34.25 (11.02) 8.55 (4.16) 3.67 (1.38)
4000 Low 1.11 (0.75) 31.29 (64.18) 8.85 (8.19) 10.31 (6.30) 1.11 (0.75) 31.29 (64.18) 8.85 (8.19) 10.31 (6.30)
Mid 4.87 (2.03) 49.04 (16.15) 10.73 (6.33) 7.75 (3.15) 4.87 (2.03) 49.04 (16.15) 10.73 (6.33) 7.75 (3.15)
High 14.30 (4.45) 65.44 (15.28) 16.44 (6.06) 6.64 (1.94) 14.30 (4.45) 65.47 (15.26) 16.45 (6.05) 6.64 (1.94)
Note. Mean values with SD in parenthesis.
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